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The discoveries of microRNAs and riboswitches, among others, have shown functional RNAs to be biologically more
important and genomically more prevalent than previously anticipated. We have developed a general comparative
genomics method based on phylogenetic stochastic context-free grammars for identifying functional RNAs encoded in
the human genome and used it to survey an eight-way genome-wide alignment of the human, chimpanzee, mouse, rat,
dog, chicken, zebra-fish, and puffer-fish genomes for deeply conserved functional RNAs. At a loose threshold for
acceptance, this search resulted in a set of 48,479 candidate RNA structures. This screen finds a large number of known
functional RNAs, including 195 miRNAs, 62 histone 39UTR stem loops, and various types of known genetic recoding
elements. Among the highest-scoring new predictions are 169 new miRNA candidates, as well as new candidate
selenocysteine insertion sites, RNA editing hairpins, RNAs involved in transcript auto regulation, and many folds that
form singletons or small functional RNA families of completely unknown function. While the rate of false positives in
the overall set is difficult to estimate and is likely to be substantial, the results nevertheless provide evidence for many
new human functional RNAs and present specific predictions to facilitate their further characterization.
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Introduction
Many new classes of functional RNA structures (fRNAs),
such as snoRNAs, miRNAs, splicing factors, and riboswitches
[1–3], have been discovered over the last few years. These
structures function both as independent molecules and as
part of mRNA transcripts. These recent discoveries verify
that fRNAs fulﬁll many important regulatory, structural, and
catalytic roles in the cell, and suggest that perhaps only a
small fraction of these fRNAs are currently identiﬁed [1,3,4].
The development of computational methods that can
efﬁciently identify fRNAs by comparative genomics has been
hampered by the fact that fRNAs often exhibit only weakly
conserved primary-sequence signals [5]. Fortunately, the
stem-pairing regions of fRNA structures evolve mostly with
a characteristic substitution pattern such that only substitu-
tions that maintain the pairing capability between paired
bases will be allowed. This leads to compensatory double
substitutions (e.g., GC $ AU) and to a few types of
compatible single substitutions (e.g., GC $ GU); the latter
made possible by RNA’s ability to form a non–Watson-Crick
pair between G and U. This evolutionary signal can be
exploited for comparative identiﬁcation of fRNAs [6–12].
The many non-human vertebrate genomes now sequenced
can be aligned against the human genome, leading to a
multiple alignment with considerable information about the
evolutionary process at every position [13–15]. Given a
diverse enough set of genomes, comparative methods that
can make effective use of this evolutionary information
s h o u l di np r i n c i p l eb ea b l et oe f ﬁ c i e n t l yi d e n t i f yt h e
conserved human fRNAs. We have developed a comparative
method called EvoFold for functional RNA-structure identi-
ﬁcation in multiple sequence alignments. EvoFold makes use
of a recently devised model construction, a phylogenetic
stochastic context-free grammar (phylo-SCFG) [10,16,17],
which is a combined probabilistic model of RNA secondary
structure and sequence evolution. Phylo-SCFGs use stochastic
context-free grammars (SCFGs) [18,19] to deﬁne a prior
distribution over possible RNA secondary structures, and a
set of phylogenetic models [20–22] to evaluate how well the
substitution pattern of each alignment column conforms with
its secondary-structure annotation. EvoFold uses a very
general model of RNA secondary structures that allows it to
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forking structures, including novel structures not seen in its
training set. The substitution process explicitly models co-
evolution of paired bases within the structure using the
phylogenetic tree and evolutionary branch lengths relating
the sequences of the alignment. Stem-pairing regions are
detected not only by the presence of compensatory sub-
stitutions, but also by the presence of compatible single
substitutions and the overall slower rate of evolution. We
have built a human-referenced eight-way vertebrate whole-
genome alignment and used EvoFold to search for functional
RNAs in the human genome. This search resulted in a total of
48,479 candidate RNA structures. Based on estimates of the
false-positive rate, which unfortunately are associated with
very large uncertainties, we estimate that the candidate set
contains approximately 18,500 substructures of approxi-
mately 10,000 RNA transcripts. These numbers are derived
using an estimated false-positive rate of 62%. Among the
highest-scoring candidates, where the estimated false-positive
rate is much lower, this screen ﬁnds a large number of known
functional RNAs, and contains new candidate miRNAs,
selenocysteine insertion sites, RNA editing hairpins, RNAs
involved in transcript auto regulation, and many folds that
form singletons or small functional RNA families of com-
pletely unknown function.
Results
We constructed a whole-genome alignment of the human
[23], chimpanzee [24], mouse [25], rat [26], dog, chicken [27],
zebra ﬁsh, and puffer ﬁsh [28] genomes using the MULTIZ
program [13,29]. From this alignment we assembled a set of
human genome segments where at least four other species are
aligned and the pattern of substitution shows evidence of
negative selection using the PhastCons method [15]. These
segments were further ﬁltered to remove retroposed genes,
simple/low-complexity repeats, segments with mitochondrial
chromosome homology, and segments that were not clearly in
the orthologous locations with respect to neighboring genes
in both the human and mouse genomes (‘‘nonsyntenic
human-mouse matches’’). The resulting set deﬁnes 1,181,107
conserved segments spanning 3.7% of the reference human
genome. We applied the EvoFold algorithm, illustrated in
Figure 1, to each of these conserved segments. This resulted
in a total of 48,479 candidate RNA folds with more than ﬁve
pairing bases that span 0.07 % of the human genome at the
base level (see Figure S1 for length distribution). These can be
interactively explored or retrieved in bulk from the Uni-
versity of California Santa Cruz (UCSC) Genome Browser
(http://genome.ucsc.edu, Protocol S1).
We classiﬁed these candidate folds according to three
different criteria: their size, their genomic location, and their
overall shape. We distinguished two size ranges: short
(between ﬁve and 15 pairing bases, 39,075 folds) and long
(more than 15 pairing bases, 9,404 folds); ﬁve types of
genomic location: coding (12,736 folds), 39UTR (3,331 folds),
59UTR (334 folds), intronic (11,777 folds), and intergenic
(20,301 folds); and four shape-types: hairpins (42,964 folds),Y-
shaped (3,479 folds), clover-shaped (250 folds), and more
complex shapes (1,786 folds). This scheme results in 40
different RNA fold prediction categories. Candidate folds
were also clustered by proximity in the genome or overlap
with cDNAs into sets of folds that are likely to be part of a
single underlying RNA transcript. This grouped the 48,479
candidate RNA folds into 23,287 candidate structure–
containing transcripts. Finally, the folds within each category
were ranked by a length-normalized likelihood-ratio score
that we call the folding potential score (fps), and a shufﬂing
scheme was used to tentatively estimate the rate of false-
positive predictions in each category as a function of score
(Materials and Methods, Figures S2 and S3, Tables S1 and S2).
Figure 1. Outline of EvoFold Prediction Method
(A) Schematic representation of human genome and conserved
elements. The conserved elements define the input alignments.
(B) Segment of eight-way genomic alignment.
(C) The SCFG of the fRNA model defines a distribution over all possible
secondary-structure annotations. One of the many possible secondary
structures is shown in parenthesis format. Substitutions in pairing
regions of the alignment are color-coded relative to human: compensa-
tory double substitutions are green, and compatible single substitutions
are blue.
(D) Color-coded fold corresponding to the secondary-structure annota-
tion of the alignment.
(E) Two phylogenetic models are used to evaluate the possible
secondary-structure annotations: unpaired columns are evaluated using
a single-nucleotide phylogenetic model. Paired columns are combined
and evaluated using a di-nucleotide phylogenetic model. Horizontal
branch lengths reflect the expected number of substitutions.
DOI: 10.1371/journal.pcbi.0020033.g001
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Synopsis
Structurally functional RNA is a versatile component of the cell that
comprises both independent molecules and regulatory elements of
mRNA transcripts. The many recent discoveries of functional RNAs,
most notably miRNAs, suggests that many more are yet to be found.
Computational identification of functional RNAs has traditionally
been hampered by the lack of strong sequence signals. However,
structural conservation over long evolutionary times creates a
characteristic substitution pattern, which can be exploited with the
advent of comparative genomics. The authors have devised a
method for identification of functional RNA structures based on
phylogenetic analysis of multiple alignments. This method has been
used to screen the regions of the human genome that are under
strong selective constraints. The result is a set of 48,479 candidate
RNA structures. For some classes of known functional RNAs, such as
miRNAs and histone 39UTR stem loops, this set includes nearly all
deeply conserved members. The initial large candidate set has been
partitioned by size, shape, and genomic location and ranked by
score to produce specific lists of top candidates for miRNAs,
selenocysteine insertion sites, RNA editing hairpins, and RNAs
involved in transcript auto regulation.
Identification of Human RNA StructuresWe mapped all available human and non-human mRNAs
and ESTs to the human genome and determined the
enrichment of hits to our set of candidate RNA folds relative
to the background hit rate in genomic DNA. These were
found to vary from 3.63(cDNA from humans) to 11.43(non-
human EST). This is signiﬁcantly higher than the enrichments
observed for the full set of conserved elements from which
these candidates were chosen (Figure S4).
We also found that predictions at known fRNAs generally
score higher on the strand of the fRNA compared to its
reverse complement (this is, e.g., the case for 89% of the
known miRNAs we predict). The asymmetry is primarily
caused by the ability of GU (or UG) to pair, but not its reverse
complement AC (CA). Since the most common types of
substitutions in RNA stems involve GU (or UG) pairs, this can
have a pronounced effect on the EvoFold score, thus allowing
the strand association of a fold to be inferred by comparing
the score of an alignment with the score of its reverse
complement. In cases where the candidate RNA is contained
in a known transcript, the EvoFold score for the sense strand
(i.e., the strand complementary to the template strand for
transcription) is often signiﬁcantly higher than for the anti-
sense strand (Table S3). Because this is similar to the effect
observed for known fRNAs, this provides circumstantial
evidence that many of these predictions are new fRNAs.
However, part of this effect may be due to compositional
asymmetries, possibly due to transcription-mediated repair
[30], or the inﬂuence of other sense-strand associated
functional elements (see Protocol S1).
Using a shufﬂing approach, we estimate that the set of
48,479 candidates contain 18,500 partially correct fRNAs (see
Materials and Methods, Validation section). However, this
estimate is associated with huge uncertainties inherent to the
shufﬂing approach and should only be viewed as a ﬁrst
approximation based on the available data (see Discussion).
Based on the shufﬂing approach and the genomic distribu-
tion of the candidates, we estimate, conditional on the above-
mentioned uncertainties, that our predictions comprise
about 10,000 human RNA transcripts: 2,200 of which are
transcripts of protein-coding genes that harbor functional
RNAs in their UTRs or overlapping their coding region, and
the remainder being fRNA genes. After correcting for the
shufﬂing-based estimates of false-positive rates, the folds
break down into the different sizes, locations, and shapes as
shown in Figure 2.
Three quarters of the predicted folds are short. These are
likely to represent a mix of small complete folding units and
partial predictions of larger folds, where only a small core
element had sufﬁcient evolutionary covariation to be
detected by our method. Among the long folds, about 82%
are intergenic or intronic, 5.5% are in 39UTRs, 0.5% in
59UTRs, and a surprising 12% (550 folds) overlap known
coding regions. These are discussed further below. As
expected, the small folds are predominantly single hairpins;
there are usually not enough paired bases in these to support
more complex stable structures. The long folds show a more
varied shape distribution, but are also dominated by simple
hairpins. Again, since these are often partial structural
predictions, this breakdown is likely to be somewhat biased
toward the simpler fold types.
Because EvoFold is designed to look for RNAs that are
conserved in structure and remain in the same genomic
context in all vertebrates, there are likely to be additional
fRNAs not detected in this survey. There are some classes of
known functional RNAs that are too mobile or rapidly
evolving for EvoFold to detect, such as tRNAs and snoRNAs.
The vertebrate tRNAs spawn many lineage-speciﬁc copies
that land in different places in the genome, most of which are
pseudogenes, so that the remaining functional copies often
end up in a different genomic context in different vertebrate
lineages [27]. As a result, more than 99% of the functional
human tRNAs fail the ﬁlter we applied that removes
nonsyntenic matches between human and mouse, and hence
are absent in our set of predicted folds. In contrast, most
snoRNAs are missing from our set of predicted folds either
because they have too few base pairs (bp), e.g., 4–5 bp in the
CD-box snoRNAs, or have experienced too many structural
changes in vertebrate evolution. We observe that 32% of the
bp of known deeply conserved snoRNAs could not be formed
in ﬁsh or chicken, causing a conﬂict with the overall
structural signal EvoFold is designed to detect. The signal
recognition particle RNA and the Y RNAs are also missed due
to their evolutionary mobility. On the other hand, RNase P
RNA and both the U11 and U12 spliceosomal RNAs are well
conserved and detected by this screen. Based on our current
methods, we cannot predict how many more, as-yet-undis-
covered, classes of highly mobile or rapidly evolving RNAs
there are in vertebrate genomes.
For other known classes of RNAs, such as miRNAs, EvoFold
achieves a high rate of sensitivity, ﬁnding nearly all known
members. To evaluate EvoFold’s sensitivity, we performed a
5-fold cross-validation test using various curated sets of
known RNAs. These tests showed that EvoFold is quite good
at detecting some known classes of RNAs, such as miRNAs
Figure 2. Breakdown of Types of RNA Folds Detected in the Human
Genome Based on True Positive Estimates
See Materials and Methods, Validation section.
Folds are classified according to (A) size (number of pairing bases), (B)
location in the genome, and (C) shape. The relative abundance of each
class of folds is indicated. For (B), also shown is the genomic span of the
conserved segments relative to their genomic location, for comparison.
DOI: 10.1371/journal.pcbi.0020033.g002
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Identification of Human RNA Structuresand Histone 39UTR stem loops (Table 1). Despite the fact that
Histone 39UTR stem loops have stems containing only 6 bp,
they are predicted very accurately: 97% predicted with 100%
correct structure.
Since the fps used by EvoFold ranks deeply conserved
compact folds highly, we also deﬁned an alternative score
directly based on the substitution evidence and used it to
deﬁne a ranked set of 517 ncRNA candidates (see Protocol
S1). This score, for example, top-ranks the U11 and U12
spliceosomal RNAs mentioned above. The second-highest
ranked clover-shaped fold from this set is currently being
investigated experimentally.
We evaluated the relative beneﬁt of using an eight-way
alignment instead of a pair-wise alignment by redoing the
sensitivity experiments and part of the shufﬂing experiments
using only the mouse–human subalignment. The sensitivity
on the mixed set of Rfam Seed decreased by 59% and the
false-positive rate increased slightly (Table S4). Overall,
EvoFold made fewer predictions on the pair-wise alignments.
New miRNAs among Long Intergenic and Intronic
Hairpins
The higher-ranked candidate RNAs in several of the fold
classiﬁcations are greatly enriched for certain classes of
known RNAs. In particular, we see a strong enrichment for
known miRNAs among the higher-ranked candidates in the
class of long intronic and intergenic hairpins (Tables 2 and 3):
36 of our top 100–ranked long intergenic hairpins and 33 of
our top 100 long intronic hairpins are known miRNAs. At the
time we ﬁrst computed our set of 48,479 candidate fRNAs,
157 of them were known miRNAs. Since then 38 more of
them have been conﬁrmed to be miRNAs in three recent
papers [31–33], giving a total of 195 known miRNAs in this
set. Altogether, these three recent papers found 55 new
miRNAs from among the 1,181,107 conserved segments that
were input to EvoFold; thus, EvoFold’s sensitivity was 69%
(38/55) on these new miRNAs.
The known miRNAs tend to reside in short conserved
segments (70% in segments of at most 200 bp), and their
stems have relatively few bulges (86% have at most 20% of
their bases in bulges). Using these additional criteria we
deﬁned a more speciﬁc set of 277 miRNA candidates from
among the 3,500 predicted long intergenic and intronic
hairpins. This set contained 90 known miRNAs and 187 novel
candidates, with an estimated false-positive rate of 15% (see
Materials and Methods). Xie et al. [31] ended up testing ﬁve of
our predicted miRNAs and validating four. Bentwich et al.
[32] validated 14 of our predicted miRNAs, and Berezikov et
al. validated six [33]. Since six candidates were validated
multiple times, this gives a total of 18 validated candidates.
While miRNAs probably comprise a signiﬁcant fraction of
the high-scoring intergenic and intronic hairpins, it is quite
possible that the majority of the folds in these categories have
other functions. In particular, the three highest-scoring long
intronic hairpins all are found in introns of ion channel
genes, which are frequently targets of RNA editing by A-to-I
conversion involving hairpins such as these [34–36]. In A-to-I
conversion, the enzyme ADAR (adenosine deaminase acting
on RNA), acts on a hairpin RNA structure to change a speciﬁc
adenosine (A) to inosine (I). One of these genes, GRIA4, is
already known to harbor an A-to-I editing hairpin in its
coding region [37], which we also detected. Thus, there is a
Table 1. EvoFold Sensitivity
Dataset Sensitivity (Detected/Total)
miRNA registry [43] 86% (157/183)
Histone 39UTR stem loops [47] 97% (62/64)
snoRNAs [67] 5% (10/190)
tRNAs [66] 100% (2/2)
Rfam Seed [47] 43% (100/231)
For each dataset the fraction in the sensitivity column gives the number of known fRNAs
recognized by EvoFold divided by the total number of fRNAs in the conserved segments
that was the input to EvoFold. The statistics are based on 5-fold cross evaluation: we
divided the data sets randomly into five subsets, trained the parameters of EvoFold on
four of these subsets, and tested the recognition of EvoFold on the held-out examples in
the fifth part, repeating this procedure five times.
DOI: 10.1371/journal.pcbi.0020033.t001
Table 2. Top-Scoring Long-Intergenic Hairpins
Intergenic
Rank Score Number of bp Known miRNAs
1 2.72 28 let-7f-1
2 2.61 26 mir-9–3
3 2.58 17  
4 2.48 31 mir-9–2
5 2.45 33 let-7a-1
6 2.41 36 mir-137
7 2.40 26  
8 2.37 18  
9 2.31 26  
10 2.30 31 mir-101–1
11 2.28 32 let-7b
12 2.13 19 mir-106a
13 2.12 17  
14 2.10 28 mir-183
15 2.07 34 mir-10b
DOI: 10.1371/journal.pcbi.0020033.t002
Table 3. Top-Scoring Long-Intronic Hairpins
Intronic
Rank Score Number of bp Known miRNAs Gene
1 3.95 18   GRIA1
2 3.52 16 CACNA2D2
3 2.98 17   GRIA4
4 2.84 23 mir-30e NFYC
5 2.76 21 mir-1–2 MIB1
6 2.60 26 mir-190 TLN2
7 2.43 19   MYH7B
8 2.42 29 mir-140 WWP2
9 2.30 34 mir-214 DNM3
10 2.30 16   AK131408
11 2.29 33 mir-101–2 RCL1
12 2.24 33 let-7f-2 AB002310
13 2.17 26   ZNF291
14 2.16 19 mir-16–2 SMC4L1
15 2.14 30 mir-7–1 HNRPK
DOI: 10.1371/journal.pcbi.0020033.t003
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Identification of Human RNA Structurespossibility that these three intronic hairpins are involved in
similar editing on the pre-mRNA.
New Coding fRNAs
The candidate RNAs contain a surprising number of long
folds that overlap coding regions. Coding folds are fascinat-
ing for at least two reasons. First, they often function in
genetic recoding, which, as in the RNA editing in GRIA4,
causes the protein made by the ribosome to differ from what
would be obtained by a direct translation of the genomic
sequence using the genetic code [38]. Second, their primary
sequence encodes information both on the protein and the
fRNA level, and these dual functional constraints lead to a
highly constrained evolutionary process [39].
The 15 top-ranking long-coding hairpins contain eight well-
studied RNAs, ﬁve of which are involved in genetic recoding in
the form of RNA editing (R-G site of GRIA2, GRIA3, and
GRIA4) [37] and programmed frameshifting (OAZ1 and OAZ2)
[38,40] (Table 4). Two of the remaining three play roles in
regulating translational efﬁciency (COL1A1 and COL1A2) [41],
and one is a miRNA [42,43] overlapping what appears to be a
spuriously annotated open reading frame.
Among the seven novel candidate RNAs in the top 15, we
predict at least three to be involved in genetic recoding. Two
of them are associated with the known selenoproteins SEPN1
and SELT [44]. Selenoproteins constitute another important
example of genetic recoding: they contain in-frame UGA stop
codons that are recoded as insertion sites for selenocysteines.
The recoding of these stop codons is directed by a hairpin
called the selenocysteine insertion sequence (SECIS). In
eukaryotes the SECIS has previously only been found in the
39UTR of selenoprotein transcripts [38,44,45], but in prokar-
yotes it is found in coding regions downstream of the UGA
codon [38,46]. Both of these transcripts have an annotated
SECIS in their 39UTR [44,47], but the hairpin structure given
in the Rfam database is only partly conserved. The predicted
coding hairpins of both SEPN1 and SELT are located less than
ten bases downstream from the selenocysteine insertion site
(the UGA codon) (Figure 3). We therefore hypothesize that
both of these hairpins are involved in the recoding of the
UGA codon, and that they may constitute the ﬁrst examples
of Eukaryotic SECIS hairpins in coding regions. During
review, we became aware of recent independent experimental
work that shows the SEPN1 hairpin does indeed facilitate
UGA readthrough [48].
The third is the highest-ranking long-coding hairpin, found
in the UBE1C gene (Figure 4). This shows the characteristics
of many other hairpins found at sites of A-to-I RNA editing
[34–36] by overlapping the intron–exon boundary, and by
having a single 1-bp symmetric bulge with consecutive
adenosines ﬂanking it. This provides good evidence that this
hairpin may function as an A-to-I editing site that is altered
in the primary mRNA transcript. An inspection of the human
cDNAs spanning this region also revealed a cDNA with a
single genomic discrepancy showing a guanosine (G) instead
of an adenosine (A). Since inosine is sequenced as guanosine,
this evidence further supports the hypothesis that this
hairpin can function as an A-to-I editing substrate for ADAR.
Of the four remaining candidate long-coding hairpins, two
are in genes of unknown function (KIAA1190 and KIAA0924),
one is in the Wolf-Hirschhorn syndrome candidate-1 gene,
WHSC1L1 [49], and perhaps the most interesting is in the
DGCR8 (DiGeorge syndrome critical region) gene. The
DGCR8 gene is known to harbor two double-stranded RNA
binding domains [50]. DGCR8 has recently been shown to be
associated with Drosha and to play a crucial role in the
processing of primary miRNA transcripts to precursor
miRNAs [51,52]. This gene harbors not only a high-scoring
hairpin in its ﬁrst exon but also the longest and second
highest–scoring hairpin of the 59UTR category (Figure 5). The
59UTR hairpin resembles the folds predicted for known
miRNAs, and receives a very signiﬁcant score by mirScan [53]
(see Protocol S1). It is therefore possible that these folds are
involved in self-regulation of DGCR8, potentially through the
cleavage of the 59UTR hairpin by the DCGR8/Drosha micro-
processor complex described above.
New Clover-Shaped Folds
In addition to new examples of previously known RNA
families, the high-ranking candidate RNAs also include several
completely novel families. One of these is represented by the
highest and fourth-highest ranking candidates in the category
of long clover-shaped folds. These are located less than 3,500
bases apart, and both are overlapped by transcripts of the
little-characterized gene ZNF207 [54] (Figure 6A). Both folds
contain several supporting substitutions (Figure 6B). The
shorter of the folds is located in the 39UTR of the gene and the
longer in an intron of an alternative splice variant. The
primary sequence of these two folds (Figure 6C) aligns well:
the central stem-pairing regions are almost identical with only
a few compensatory and compatible substitutions, while the
loops differ both by substitutions and insertions/deletions
(Figure 6D). This evolutionary relationship suggests a com-
mon functional constraint, which has preserved the central
part of both clover-shaped folds. The close proximity, the high
scores, and the systematic evolutionary differences within as
well as between these folds suggest that they may constitute
members of a new family of fRNAs.
Paralogous Families
In the spirit of the last example above, we grouped the
RNA-fold predictions into paralogous families based on their
Table 4. Top-Scoring Long-Coding Hairpins
Rank Score Number
of Pairs
Gene Known fRNA Description
1 2.64 17 UBE1C  
2 2.52 30 GRIA2 RNA editing (ADARII) [37]
3 2.42 20 COL1A1 Regulate translation [41]
4 2.39 28 GRIA3 RNA editing (ADARII) [37]
5 2.30 18 COL1A2 Regulate translation [41]
6 2.14 31 C20orf166 miRNA [42,43]
7 2.02 22 GRIA4 RNA editing (ADARII) [37]
8 1.77 16 OAZ2 Programmed frameshift [38]
9 1.76 21 DGCR8  
10 1.63 20 KIAA1190  
11 1.59 17   
12 1.57 20 WHSC1L1  
13 1.54 27 OAZ1 Programmed frameshift [38,40]
14 1.53 20 KIAA0924  
15 1.53 20 SELT  
DOI: 10.1371/journal.pcbi.0020033.t004
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Identification of Human RNA Structuresprimary-sequence homology. We disregarded sequences that
could cause homology to be inferred for trivial reasons, i.e.,
repeats, pseudogenes, coding regions, etc. (see Materials and
Methods). This approach resulted in 299 families with a mean
family size of 2.7.
Known families of fRNAs were recovered, such as the
histone 39UTR stem loops (46 known folds, one family),
families of known miRNAs (72 known folds, 29 families), and
families of RNA editing hairpins in GRIA genes (three known
folds, one family). But most of the families were completely
new. Some contain long intergenic and intronic hairpins and
are likely to be new families of miRNAs (e.g., 17 of our miRNA
candidates are found in 11 families). Others contain hairpins
in ion-channel genes not previously characterized as under-
going RNA editing (e.g., a cluster of three coding hairpins
overlapping sodium channel exons in SCN3A, SCN8A, and
SCN2A2. But the majority involves more complex folds,
which we currently have no functional hypotheses for. A
Figure 3. Coding Hairpin near Selenocysteine Insertion Site
(A) Gene structure, EvoFold predictions, and conservation around the selenocysteine insertion site of selenoprotein T (SELT). The pairing regions of the
hairpin are shown in dark green and can be seen to start only eight bases downstream of the UGA insertion site (indicated by *). Arrows indicate
direction of transcription.
(B) Annotated segment of eight-way alignment spanning the predicted hairpin. SS anno, secondary-structure annotation in parenthesis format
(matching parentheses indicate pairs and periods indicate unpaired regions); pair symbol, pairing columns are assigned identical symbols to facilitate
navigation; Score, position-specific scores (0–9), which indicate confidence in secondary-structure annotation. Substitutions in predicted pairs are color-
coded relative to the human sequence: green is a compensatory double substitution, blue is a compatible single substitution, and red is a
noncompatible substitution.
(C) Depiction of hairpin, which is shown with T instead of U to facilitate comparison with the genomic sequences. Pairs are color-coded by presence of
substitutions in the eight-way alignment (see b).
DOI: 10.1371/journal.pcbi.0020033.g003
Figure 4. Candidate Substrate for A-to-I Editing
(A) Gene structure, EvoFold predictions, cDNAs, conservation, and eight-way alignment are shown at the start of the second exon of the UBE1C gene.
The predicted hairpin is shown in parenthesis format and can be seen to overlap the intron–exon boundary. The red box highlights a position where
the genomic sequence contains an A and a cDNA contains a G. The orange bar and label ‘‘4’’ indicate that up to four extra bases are present in this loop
location in the indicated species.
(B) Depiction of hairpin (see Figure 3B for color legend) with indication of the potential site of ADAR editing (A-to-I).
(C) Which would lead to a lysine to arginine amino acid change.
DOI: 10.1371/journal.pcbi.0020033.g004
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cbse.ucsc.edu/jsp/EvoFold).
Discussion
We have conducted a survey of the human genome to
identify functional RNA structures through comparative
genomics using an eight-way whole-genome sequence align-
ment. While this alignment contains considerably more
evolutionary information than has been previously available,
these currently available genomes are still quite limited in
terms of their statistical power to detect negative selection
[55], a situation that will change in the coming years as more
vertebrate genomes are sequenced. Nevertheless, this study
shows that we already have sufﬁcient evolutionary informa-
tion for efﬁcient discovery of many classes of fRNAs. Further
information from additional genomes and additional experi-
ments should be able to weed out many of the false-positive
predictions and reﬁne the individual candidate structures.
This initial survey suggests that there are many more
functional RNAs in the human genome than are represented
in the current RNA sequence databases. We estimate that
these databases annotate 1,207 RNA genes in the human
genome (see Materials and Methods). Our results suggest that
there may be 10-fold more functional RNAs there, and 7-fold
more RNA genes. However, these values depend on the ability
of the shufﬂing experiments to correctly estimate the false-
positive rate. It is not clear how well shufﬂing experiments
can estimate false-positive rates, and thus our current
estimates are associated with very large and difﬁcult to
quantify uncertainties. Previous scans for ncRNAs based on
pair-wise alignments have found that only a small fraction of
the predictions are experimentally veriﬁable [56,57], thus
caution is warranted. Further experimental work will be
necessary to reliably characterize the number of human
fRNAs. However, combined with the presence of additional
evidence (sense-strand bias, transcription evidence, biolog-
ically plausible folds, and existence of paralogous families),
our results do suggest that there are many additional RNAs to
be found. The exploration of RNA genes and RNA structural
elements within protein-coding genes represents a huge
opportunity, and a huge challenge, as we try to fully explore
the key functional elements of the human genome sequence.
The RNA folds we predict with the highest conﬁdence
include many known fRNAs, such as miRNAs and genetic
recoding signals, as well as thousands of new fRNA
candidates, a large fraction of which are supported by the
presence of compensatory substitutions. Some of these new
fRNAs enlarge existing families while others group into small
new families. Detailed analysis of individual candidates has
revealed additional supporting evidence and has allowed
speciﬁc functional hypotheses to be formulated in some cases,
including the new SECIS elements, RNA editing hairpins,
regulatory hairpins, and miRNA candidates discussed above.
Figure 5. 59UTR miRNA-Like Hairpin and Coding Hairpin in Gene (DGCR8) Involved in miRNA Processing
(A) Gene structure and EvoFold predictions are shown around the first exon of DGCR8.
(B) Annotated segment of the eight-way alignment spanning the long, miRNA-like 59UTR-hairpin (see Figure 3B for legend).
(C) Depiction of folds.
DOI: 10.1371/journal.pcbi.0020033.g005
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lapping functional RNA structures, and that a non-negligible
fraction of these may contain undocumented examples of
genetic recoding.
The EvoFold method we have developed was trained to
only predict RNA stems that are well-supported by a
consistent evolutionary signal in clearly orthologous copies
from many species. To guarantee orthology, the alignments
used require that aligned sequences from different species
appear in the same genomic context, i.e., have orthologous
ﬂanking DNA, in each species. This greatly reduces the
number of false-positive predictions due to mobile elements
such as transposons and retroposed pseudogenes. However, it
causes us to miss some highly mobile known fRNAs, such as
tRNAs and snoRNAs, even with a relatively liberal threshold
that allows an estimated 62% false positives in our overall set
of predictions. Identifying mobile fRNAs with a general
model of molecular evolution will require logic for lineage-
speciﬁc duplication and loss of function in addition to the
simple evolution of orthologous copies that the EvoFold
model embodies.
Alignment errors can also disrupt the evolutionary signal
of true fRNAs, and thus improvements to the current
sequence-alignment scores might improve the results. Local
alignment errors involving only a few bases are unlikely to
affect the entire structure and thus should normally allow at
least a partial structure with a reduced signal to be identiﬁed.
However, more extensive errors, where non-orthologous
regions are aligned, will most likely cause the fRNA to be
missed completely as discussed above.
EvoFold’s rate of false positives is much lower among the
highest-scoring predictions, but it never goes completely to
zero, even for the largest predicted structures. One problem
is that the elements where negative selection is strongest, the
ultraconserved regions [58], often have too few substitutions
within the available vertebrates for the evolutionary ap-
proach to distinguish conservation of RNA secondary
structure from other kinds of functional conservation. Until
more genomes are available, for these elements we are faced
with something like the problem of predicting RNA structure
in a single sequence, without beneﬁt of comparative
genomics.
Figure 6. Clover-Shaped Fold Predictions
(A) Gene structure, EvoFold predictions, and cDNAs around the end of the gene ZNF207. The 39UTR and the intron of an alternative splice variant harbor
high-scoring clover-shaped fold predictions.
(B) Annotated segment of eight-way alignment spanning the 39UTR fold (see Figure 3B for legend).
(C) Depictions of 39UTR fold (left) and intronic fold (right).
(D) Annotated alignment of human primary sequences of 39UTR and intronic folds. The alignment is annotated with the secondary structures of the
folds and substitution differences in corresponding pairs are color-coded (see Figure 3B for color legend).
DOI: 10.1371/journal.pcbi.0020033.g006
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verify that some of these can be grouped into small paralogous
families, but most appear as singletons. Since many fRNAs
undergolineage-speciﬁcexpansions[2,32],weﬁnditlikelythat
a search for paralogs in the human genome will show many of
these singletons to be founders of phylogenetically shallow
families. However, lineage-speciﬁc expansion and rapid
diversiﬁcationmaymakefamilymembersdifﬁculttorecognize
in searches based on primary-sequence identity.
The EvoFold scoring scheme very highly ranks compact
folds with a high ratio of paired to unpaired bases, such as
miRNAs and histone 39UTR stem loops. Indeed, these two
families stand out prominently in this survey, and their
existence would have been a clear-cut new outcome of this
study had it not already been known. One of the reasons they
rank so highly is because the fps is a length-normalized
likelihood ratio, which tends to emphasize the ratio of paired
to unpaired bases rather than the total number of paired
bases. Other normalization schemes may emphasize other
families of fRNAs as shown by the substitution-ranked ncRNA
candidates (see Protocol S1).
This set of fold predictions represents what we believe is
the ﬁrst general survey of evolutionarily conserved human
fRNAs. (Another survey, based on our multiple alignments
and PhastCons detection of conserved segments as well, has
come to our attention during the ﬁnal stages of preparing
this paper [59]. The authors appear to have reached similar
conclusions regarding the expected number of human RNA
genes.) We have attempted to create a comprehensive set,
which still maintains a relatively low false-negative rate, in
hopes that it would be a useful resource for further studies of
fRNAs. To facilitate these further studies, the complete set of
predictions is available through the UCSC Human Genome
Browser, including detailed structure-labeled alignments as
in Figures 3–6 (http://genome.ucsc.edu). Additionally, ranked
lists of folds of each category, the set of miRNA candidates,
the set of ncRNA candidates, and the set of paralogous
families can be accessed from the EvoFold Web site (http://
www.cbse.ucsc.edu/jsp/EvoFold).
Materials and Methods
EvoFold algorithm. The EvoFold program takes a multiple align-
ment and a phylogenetic tree as input, and outputs a speciﬁc RNA
secondary-structure prediction and an fps (Figure 1). The phyloge-
netic tree, which includes branch-length estimates, speciﬁes the
evolutionary relationship between the sequences of the multiple
alignment. EvoFold is based upon two phylo-SCFGs: an fRNA model
that describes regions possibly containing fRNAs and a background
model that describes regions with no fRNAs. The score is a log-
likelihood ratio under these two models. A Linux (i386) executable of
the EvoFold program can be downloaded from the EvoFold Web site
(http://www.cbse.ucsc.edu/jsp/EvoFold). Source code is available upon
request.
The phylo-SCFGs. Phylo-SCFGs were developed by Knudsen and
Hein in 1999 and can be seen as an extension of phylo-HMMs [60–62].
They combine SCFGs’ ability to model RNA secondary structure
[18,19,63] with phylogenetic models’ [21,22] ability to describe the
substitution process along the branches of a tree. One of the
strengths of this model construction is that it can handle multiple
alignments with any number of sequences and weigh their informa-
tion content in a way that reﬂects phylogeny.
Two types of phylogenetic models are used by the phylo-SCFGs: a
single-nucleotide model and a di-nucleotide model (Figure 1E). The
single-nucleotide model describes the substitution process of the
nonpairing regions of the RNA secondary structures (i.e., loops and
bulges) as well as the nonstructural regions of the genome. The di-
nucleotide model describes the substitution process of the stem-
pairing nucleotides. These two models differ in various ways, in
particular the single nucleotide model makes many kinds of
substitutions relatively likely and the di-nucleotide model strongly
favors compensatory substitutions.
The phylo-SCFGs are composed of two components: a structural
and a nonstructural one (Figures S5 and S6). The structural
component describes structural regions whose ﬁrst and last bases
are paired. Such regions can correspond to a single hairpin or a more
complex structure, and will be referred to here as folds (Figure 1D).
This component contains both a di-nucleotide and a single-
nucleotide phylogenetic model. The nonstructural component
describes the regions outside folds and contains only a single-
nucleotide phylogenetic model.
The fRNA model contains both the structural and the non-
structural component. In contrast, the background model contains
only the nonstructural component. See Protocol S1 for a complete
speciﬁcation of the phylo-SCFG parameterizations.
Structure and score predictions. EvoFold uses the fRNA model to
assign a speciﬁc RNA secondary-structure prediction to an input
alignment (Figure 1C). The most probable structure given the
information in the multiple alignment will be predicted. A prediction
devoid of structure is possible due to the nonstructural component of
the fRNA model. All the predicted folds, which pass the fold
elimination described below, are included in the candidate set.
The fps measures the overall tendency for the alignment to contain
any fRNA. It is calculated as a log-odds score between the likelihood
of observing the alignment (x) under the fRNA model (/fRNA) and the
background model (/bg): fps ¼ log(P(xj/fRNA)/P(xj/bg). The background
model is carefully designed to model alignment sequences using the
same nucleotide distribution as the fRNA model, thereby alleviating
the problem of overpredicting in, e.g., GC-rich regions. The fps scores
are length dependent; length-normalized versions of the fps scores
are therefore used in this paper. The scores are used to rank the folds
within each subclass.
Validation. The false-positive rate of EvoFold was estimated by
applying it to a set of alignments that have been randomized to
remove the signal of any true fRNAs, but which retain the same base
composition, substitution pattern, and conservation pattern as the
original alignments. The false-positive rate can be seen to depend on
the size of the predicted folds (Figure S2A): ranging from 76% for
folds with ﬁve or fewer pairing bases to 42% for folds with more than
25 pairing bases. Our set of fold predictions thus contains some false
positives, but we decided to retain all but the very short folds to
sustain a comprehensive set of folds for downstream analysis. Subsets
of folds with a much lower occurrence of false positives can be
deﬁned by focusing on only the top-ranked predictions, e.g., there are
only an estimated 5% false positives in the top 100 scoring folds with
more than 15 bp (Figure S2B and S2C). We also ﬁnd the false-positive
rate to depend on the degree of sequence conservation, the number
of bulges found in stems, the genomic location, and to a lesser extent
the overall shape of the folds (Figure S3).
Training data. The alignmentsused to train EvoFold were prepared
from a conserved subset of the Rfam Full database (version 6.0) [47] as
follows: all human entries from Rfam Full were aligned to the human
genome using BLAT [64], and only perfect matches were retained. The
conserved human–mouse syntenic matching elements (see below) that
overlap these human matches were selected and annotated with the
secondary structures given in Rfam Full. Annotated stem pairs that
couldnotform in thehumansequencewere treatedas unpaired. Then
all tRNA matches were discarded (many were found to be pseudo-
genes) and alignment sequences with poor secondary-structure
conservation were removed. Finally all alignments with fewer than
four sequences left were discarded. The resulting set contained 262
annotated alignments. Maximum-likelihood estimates of the phylo-
SCFG parameters were found using a combination of the EM
algorithm and a quasi-Newton method (see Protocol S1).
Genomic alignment and conserved elements. EvoFold was applied
to the conserved elements of an eight-way multiz [13] alignment of the
following vertebrate species (UCSC assembly designations given in
parenthesis): human (hg17), chimpanzee (panTro1), mouse (mm5), rat
(rn3), dog (canFam1), chicken (galGal2), fugu (fr1), and zebra ﬁsh
(danRer1). The PhastCons program [15] was used to identify an initial
set of highly conserved elements, which was then processed by joining
consecutive elements fewer than 30 bases apart. The joining avoids
splitting fRNAs with fast-evolving loop regions across several con-
served elements. Since computational constraints limit the size of the
elements that can be handled by EvoFold, elements longer than 750
bases were substituted by a tiling of 300 base–long windows each offset
by100bases.Alignmentsegmentscorrespondingtobothstrandsofthe
conserved elements were extracted from the eight-way alignment.
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lengths, was estimated from the genomic alignment using the
PhastCons program [15] and subsequently used with every alignment
segment.
Known fRNA annotations. The fold predictions were compared
against different classes of fRNAs: the 207 human micro RNAs found
in the miRNA Registry version 5.1 [43]; the subset of 39UTR histone
stem loops annotated in Rfam Full version 6.0 [47] that overlaps
histone-associated transcripts (as deﬁned by the known gene
annotation of the UCSC Human Genome Browser [65]); the set of
human tRNAs as deﬁned by tRNAscan-SE predictions scoring above
55 bits [66]; the set of snoRNAs deﬁned in snoRNA-LBME-db [67];
and against the more broadly representative set of human fRNAs
found in Rfam Seed version 6.0 [47]. When combined, these databases
contain a total of 1,207 distinct fRNAs.
Protein-coding gene annotation. The known gene annotation from
the UCSC Human Genome Browser (May 2004 assembly) [65] was
used to annotate the folds with a genomic location. Some folds
overlap the boundaries of genomic regions, in these cases a single
assignment was chosen according to the following prioritized list:
coding . 59UTR . 39UTR . intronic . intergenic. The gene names
of the known gene track, which are used in Tables 2–4 as well as in the
text, are based on RefSeq or HUGO gene symbols.
Fold elimination. Folds likely to be nonfunctional based on other
annotations, alignments, or genomic location were discarded from
the initial set. The ﬁltering comprised certain types of repeats (many
trivial folds), regions with synteny breaks (many pseudogenes), and
regions homologous to the mitochondrial genome (many pseudo-
genes). The ﬁlters were based on the following UCSC Human Genome
Browser data: simple and low-complexity repeats from the Repeat-
Masker track, synteny information from the mouse net track [68], and
homology information from the Blastz self track.
RNA transcripts. 59UTR, coding, and 39UTR folds were considered
part of the same transcript if overlapped by a known gene annotation
(see above). Intronic and intergenic folds were considered part of the
sametranscriptifseparatedbyfewerthan250bases.Thefalse-positive
rate was estimated from the folds of the relevant genomic types using
the randomization procedure described below (see also Validation).
Randomized alignments. All input alignments shorter than 450
bases (98% of total) were randomized by ﬁrst permuting columns
with no substitutions and then permuting columns with some
substitutions. The resulting alignments thus maintain the conserva-
tion pattern, the substitution pattern, and the nucleotide bias of the
original alignments, but have lost the signal of any true fRNA stems.
Paralogous families. Thefoldswereclusteredaccordingtoprimary-
sequencehomology,asgivenbythehumanBlastzselftrackoftheUCSC
browser, thereby deﬁning a set of paralogous families [58]. To avoid
inferring homology for trivial reasons, we disregarded sequences
annotated as coding, repeats, retro-genes, or pseudo-autosomal
regions in the UCSC Human Genome Browser (May 2004 assembly).
Supporting Information
Figure S1. Length of Folds and Conserved Segments versus
Frequency Counts
Top, length of folds; bottom, length of conserved segments.
There are 252 folds longer than 250 nucleotides and 1727 conserved
segments longer than 1000 nucleotides, which are not included in the
above plots.
Found at DOI: 10.1371/journal.pcbi.0020033.sg001 (18 KB PDF).
Figure S2. Estimated Fraction of False-Positive Predictions
(A) Count of false positives for different size-ranges of folds. Black
bars indicate number of predictions made in randomized alignments
(false positives), gray bars indicate the additional number of
predictions made in original alignments (true positives). The
estimated fraction of false positives is indicated above each column.
(B and C) Fraction of false positives in different top-score–ranked
subsets of short folds (B) and long folds (C). Same color coding as for
(A).
Found at DOI: 10.1371/journal.pcbi.0020033.sg002 (30 KB PDF).
Figure S3. Estimated Fraction of False-Positive Predictions as a
Function of Various Fold Properties for Short and Long Folds
Left column, short folds; right column, long folds.
For all parts the x-axis gives a measure (or type) of the property in
question and the y-axis gives the corresponding fraction of false
positive.
Deﬁnition of properties:
(A) The sequence conservation of scores are measured at the input
element level and the percentiles are relative to their distribution
among all the folds.
(B) The bulge fraction is the percentage of bases in stems found in
bulges.
(C and D) The genic location and the fold shape are taken from the
fold classiﬁcation scheme (see Materials and Methods).
Found at DOI: 10.1371/journal.pcbi.0020033.sg003 (34 KB PDF).
Figure S4. Transcription Evidence for Predicted Folds, Conserved
Elements, and Different Classes of ncRNAs
The y-axis indicates the coverage in percent. The different types of
transcription evidence are given along the x-axis: TF polyAþ, transfags
enriched in polyadenylated transcripts; TF polyA , transfags depleted
of polyadenylated transcripts; cDNA, human cDNAs; xeno cDNA,
non-human CDNAs; EST, human ESTs; xeno EST, non-human ESTs.
The enrichment for a given type of transcription evidence relative to
the genome-wide coverage of intronic and intergenic regions is given
above each column. The combined class combines the tRNAs,
miRNAs, snoRNAs, and the Rfam seed noncoding RNAs.
Found at DOI: 10.1371/journal.pcbi.0020033.sg004 (28 KB PDF).
Figure S5. Production Rules of the Nonstructural Component and
the Structural Component
(A) Nonstructural component, (B) structural component.
Nomenclature: j denotes a choice between different productions; x,
single column emissions; xl and xr, left and right part of pair
emissions, respectively.
A corresponding graphical overview of these grammar components
are given in Figure S6.
Found at DOI: 10.1371/journal.pcbi.0020033.sg005 (45 KB PDF).
Figure S6. Transition Graphs of the Nonstructural Component and
the Structural Component of the Phylo-SCFGs
(A) Nonstructural component, (B) structural component.
The state types are given in parentheses. Arrows indicate possible
state transitions. The transition from the bifurcation state leads to
two states, a left (l) and a right (r), as indicated on the graph. The
unpaired and the loop & bulge states have associated single-column
emission distributions (speciﬁed by a single-nucleotide phylogenetic
model). The stem pair state has an associated di-column emission
distribution (speciﬁed by a di-nucleotide phylogenetic model).
Found at DOI: 10.1371/journal.pcbi.0020033.sg006 (31 KB PDF).
Protocol S1. Supplementary Results
Found at DOI: 10.1371/journal.pcbi.0020033.sd001 (176 KB PDF).
Table S1. Count Statistics for Short Fold Classes
The fold counts, estimated true positive rate (in parentheses), and
estimatedtruepositivecountsaregivenforeachlocation/shapeclassof
short folds. The ‘‘any shape’’ row and the ‘‘any location’’ column give
the marginalized counts for each set of fold classes. The entry at the
lowerrightcornerthusholdstheoverallcountsforthesetoflongfolds.
Found at DOI: 10.1371/journal.pcbi.0020033.st001 (26 KB PDF)
Table S2. Count Statistics for Long Fold Classes
See legend for Table S1.
Found at DOI: 10.1371/journal.pcbi.0020033.st002 (29 KB PDF).
Table S3. Strand Bias of EvoFold Predictions
Found at DOI: 10.1371/journal.pcbi.0020033.st003 (33 KB PDF).
Table S4. EvoFold Sensitivity Using Only Human and Mouse
Sequences
The sensitivity column gives the number of known fRNAs recognized
by EvoFold using the human–mouse subalignments divided by the
total number of fRNAs in the input segments. The relative sensitivity
column gives the ratio between the sensitivity using only the human
and mouse subalignment and the complete eight-way alignment.
Found at DOI: 10.1371/journal.pcbi.0020033.st004 (147 KB PDF).
Accession Numbers
Accession numbers from Swiss-Prot (http://www.ebi.ac.uk/swissprot)
are: COL1A1 (P02452), COL1A2 (P08123), DGCR8 (Q8WYQ5), GRIA2
(P42262), GRIA3 (P42263), GRIA4 (P48058), KIAA1190 (Q6ZSY6),
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Identification of Human RNA StructuresKIAA0924 (Q5H9Q0), OAZ1 (P54368), OAZ2 (O95190), SCN2A2
(Q99250), SCN3A (Q9NY46), SCN8A (Q9UQD0), SEPN1 (Q9NZV5),
SELT (P62341), UBE1C (Q8TBC4), WHSC1L1 (Q6ZSA5), and ZNF207
(O43670).
The GenBank (http://www.ncbi.nlm.nih.gov/Genbank) accession
number for cDNA of UBE1C gene is BC022853.
Acknowledgments
We thank Todd Lowe, Terry Furey, and Charles Sugnet for rewarding
discussions; Katherine Pollard for statistical advice; the UCSC
Genome Browser staff for the UCSC browser and their help with
alignments and data management; and Jane Rogers for providing the
zebra-ﬁsh genome.
Author contributions. JSP, GB, and DH conceived and designed the
experiments. JSP and GB performed the experiments. JSP analyzed
the data. JSP, AS, KR, KLT, ESL, JK, and WM contributed reagents/
materials/analysis tools. JSP and DH wrote the paper.
Funding. This work was supported by NHGRI (Grant
1P41HG02371) and the Danish Research Council (Grant 21–04–0444).
Competing interests. The authors have declared that no competing
interests exist. &
References
1. Eddy SR (2001) Non-coding RNA genes and the modern RNA world. Nat
Rev Genet 2: 919–929.
2. Bompfu ¨newerer AF, Flamm C, Fried C, Fritzsch G, Hofacker IL, et al. (2004)
Evolutionary patterns of non-coding RNAs. Theor Biosci 123: 301–369.
3. Mattick JS, Makunin IV (2005) Small regulatory RNAs in mammals. Hum
Mol Genet 14 Spec No 1: R121–R132.
4. Brosius J (2003) The contribution of RNAs and retroposition to evolu-
tionary novelties. Genetica 118: 99–116.
5. Rivas E, Eddy SR (2000) Secondary structure alone is generally not
statistically signiﬁcant for the detection of noncoding rnas. Bioinformatics
16: 583–605.
6. Noller HF, Woese CR (1981) Secondary structure of 16S ribosomal RNA.
Science 212: 403–411.
7. Rivas E, Eddy SR (2001) Noncoding RNA gene detection using comparative
sequence analysis. BMC Bioinformatics 2: 8.
8. di Bernardo D, Down T, Hubbard T (2003) ddbRNA: Detection of
conserved secondary structures in multiple alignments. Bioinformatics
19: 1606–1611.
9. Coventry A, Kleitman DJ, Berger B (2004) MSARI: Multiple sequence
alignments for statistical detection of rna secondary structure. Proc Natl
Acad Sci U S A 101: 12102–12107.
10. Pedersen JS, Meyer IM, Forsberg R, Simmonds P, Hein J (2004) A
comparative method for ﬁnding and folding RNA secondary structures
within protein-coding regions. Nucleic Acids Res 32: 4925–4936.
11. Washietl S, Hofacker IL (2004) Consensus folding of aligned sequences as a
new measure for the detection of functional RNAs by comparative
genomics. J Mol Biol 342: 19–30.
12. Washietl S, Hofacker IL, Stadler PF (2005) Fast and reliable prediction of
noncoding RNAs. Proc Natl Acad Sci U S A 102: 2454–2459.
13. Blanchette M, Kent WJ, Riemer C, Elnitski L, Smit AF, et al. (2004) Aligning
multiple genomic sequences with the threaded blockset aligner. Genome
Res 14: 708–715.
14. Brudno M, Do CB, Cooper GM, Kim MF, Davydov E, et al. (2003) LAGAN
and Multi-LAGAN: efﬁcient tools for large-scalemultiple alignment of
genomic DNA. Genome Res 13: 721–731.
15. Siepel A, Bejerano G, Pedersen JS, Hinrichs AS, Hou M, et al. (2005)
Evolutionarily conserved elements in vertebrate, insect, worm, and yeast
genomes. Genome Res 15: 1034–1050.
16. Knudsen B, Hein J (1999) RNA Secondary Structure Prediction Using
stochastic context-free grammars and evolutionary history. Bioinformatics
15: 446–454.
17. Knudsen B, Hein J (2003) Pfold: RNA secondary structure prediction using
stochastic context-free grammars. Nucleic Acids Res 31: 3423–3428.
18. Sakakibara Y, Brown M, Underwood R, Mian IS, Haussler D (1994)
Stochastic Context-Free Grammars for Modeling RNA. In: Proceedings of
the 27th Hawaii International Conference on System Sciences; 1994 4–7
January; Maui, Hawaii, United States. Los Alamitos (California): IEEE
Computer Society Press. pp. 284–293.
19. Eddy SR, Durbin R (1994) RNA sequence analysis using covariance models.
Nucleic Acids Res 22: 2079–2088.
20. Jukes TH, Cantor CR (1969) Mammalian Protein Metabolism. New York:
Academic Press, chapter 24, pp. 21–132.
21. Felsenstein J (1981) Evolutionary trees from DNA sequences: a maximum
likelihood approach. J Mol Evol 17: 368–376.
22. Felsenstein J (2003) Inferring Phylogenies. Sunderland (Massachusetts):
Sinauer Assoc. 664 pp.
23. International Human Genome Sequencing Consortium (2004) Finishing
the euchromatic sequence of the human genome. Nature 431: 931–945.
24. Chimpanzee Sequencing and Analysis Consortium (2005) Initial sequence
of the chimpanzee genome and comparison with the human genome.
Nature 437: 69–87.
25. Waterston RH, Lindblad-Toh K, Birney E, Rogers J, Abril JF, et al. (2002)
Initial sequencing and comparative analysis of the mouse genome. Nature
420: 520–562.
26. Gibbs RA, Weinstock GM, Metzker ML, Muzny DM, Sodergren EJ, et al.
(2004) Genome sequence of the Brown Norway rat yields insights into
mammalian evolution. Nature 428: 493–521.
27. Hillier LW, Miller W, Birney E, Warren W, Hardison RC, et al. (2004)
Sequence and comparative analysis of the chicken genome provide unique
perspectives on vertebrate evolution. Nature 432: 695–716.
28. Aparicio S, Chapman J, Stupka E, Putnam N, Chia JM, et al. (2002) Whole-
genome shotgun assembly and analysis of the genome of Fugu rubripes.
Science 297: 1301–1310.
29. Schwartz S, Kent WJ, Smit A, Zhang Z, Baertsch R, et al. (2003) Human-
mouse alignments with BLASTZ. Genome Res 13: 103–107.
30. Green P, Ewing B, Miller W, Thomas PJ, Green ED (2003) Transcription-
associated mutational asymmetry in mammalian evolution. Nat Genet 33:
514–517.
31. Xie X, Lu J, Kulbokas EJ, Golub TR, Mootha V, et al. (2005) Systematic
discovery of regulatory motifs in human promoters and 39UTRs by
comparison of several mammals. Nature 434: 338–345.
32. Bentwich I, Avniel A, Karov Y, Aharonov R, Gilad S, et al. (2005)
Identiﬁcation of hundreds of conserved and nonconserved human micro-
RNAs. Nat Genet 37: 766–770.
33. Berezikov E, Guryev V, van de Belt J, Wienholds E, Plasterk RH, et al. (2005)
Phylogenetic shadowing and computational identiﬁcation of human
microRNA genes. Cell 120: 21–24.
34. Lehmann KA, Bass BL (2000) Double-stranded RNA adenosine deaminases
ADAR1 and ADAR2 have overlapping speciﬁcities. Biochemistry 39:
12875–12884.
35. Kallman AM, Sahlin M, Ohman M (2003) ADAR2 A–.I editing: Site
selectivity and editing efﬁciency are separate events. Nucleic Acids Res 31:
4874–4881.
36. Dawson TR, Sansam CL, Emeson RB (2004) Structure and sequence
determinants required for the RNA editing of ADAR2 substrates. J Biol
Chem 279: 4941–4951.
37. Higuchi M, Maas S, Single FN, Hartner J, Rozov A, et al. (2000) Point
mutation in an AMPA receptor gene rescues lethality in mice deﬁcient in
the RNA-editing enzyme ADAR2. Nature 406: 78–81.
38. Namy O, Rousset JP, Napthine S, Brierley I (2004) Reprogrammed genetic
decoding in cellular gene expression. Mol Cell 13: 157–168.
39. Pedersen JS, Forsberg R, Meyer IM, Hein J (2004) An evolutionary model
for protein-coding regions with conserved RNA structure. Mol Biol Evol 21:
1913–1922.
40. Matsufuji S, Matsufuji T, Miyazaki Y, Murakami Y, Atkins JF, et al. (1995)
Autoregulatory frameshifting in decoding mammalian ornithine decar-
boxylase antizyme. Cell 80: 51–60.
41. Stefanovic B, Brenner DA (2003) 59 stem-loop of collagen alpha 1(I) mRNA
inhibits translation in vitro but is required for triple helical collagen
synthesis in vivo. J Biol Chem 278: 927–933.
42. Lagos-Quintana M, Rauhut R, Yalcin A, Meyer J, Lendeckel W, et al. (2002)
Identiﬁcation of tissue-speciﬁc microRNAs from mouse. Curr Biol 12: 735–
739.
43. Grifﬁths-Jones S (2004) The microRNA Registry. Nucleic Acids Res 32:
D109–D111.
44. Kryukov GV, Castellano S, Novoselov SV, Lobanov AV, Zehtab O, et al.
(2003) Characterization of mammalian selenoproteomes. Science 300:
1439–1443.
45. Berry MJ, Banu L, Chen YY, Mandel SJ, Kieffer JD, et al. (1991) Recognition
of UGA as a selenocysteine codon in type I deiodinase requires sequences
in the 39 untranslated region. Nature 353: 273–276.
46. Zinoni F, Heider J, Bock A (1990) Features of the formate dehydrogenase
mRNA necessary for decoding of the UGA codon as selenocysteine. Proc
Natl Acad Sci U S A 87: 4660–4664.
47. Grifﬁths-Jones S, Moxon S, Marshall M, Khanna A, Eddy SR, et al. (2005)
Rfam: Annotating non-coding RNAs in complete genomes. Nucleic Acids
Res 33: D121–D124.
48. Howard MT, Aggarwal G, Anderson CB, Khatri S, Flanigan KM, et al. (2005)
Recoding elements located adjacent to a subset of eukaryal selenocysteine-
specifying UGA codons. EMBO J 24: 1596–1607.
49. Angrand PO, Apiou F, Stewart AF, Dutrillaux B, Losson R, et al. (2001)
NSD3, a new SET domain-containing gene, maps to 8p12 and is ampliﬁed
in human breast cancer cell lines. Genomics 74: 79–88.
50. Shiohama A, Sasaki T, Noda S, Minoshima S, Shimizu N (2003) Molecular
cloning and expression analysis of a novel gene DGCR8 located in the
DiGeorge syndrome chromosomal region. Biochem Biophys Res Commun
304: 184–190.
51. Gregory RI, Yan KP, Amuthan G, Chendrimada T, Doratotaj B, et al. (2004)
PLoS Computational Biology | www.ploscompbiol.org April 2006 | Volume 2 | Issue 4 | e33 0261
Identification of Human RNA StructuresThe Microprocessor complex mediates the genesis of microRNAs. Nature
432: 235–240.
52. Denli AM, Tops BB, Plasterk RH, Ketting RF, Hannon GJ (2004) Processing
of primary microRNAs by the microprocessor complex. Nature 432: 231–
235.
53. Lim LP, Lau NC, Weinstein EG, Abdelhakim A, Yekta S, et al. (2003) The
microRNAs of Caenorhabditis elegans. Genes Dev 17: 991–1008.
54. Pahl PM, Hodges YK, Meltesen L, Perryman MB, Horwitz KB, et al. (1998)
ZNF207, a ubiquitously expressed zinc ﬁnger gene on chromosome 6p21.3.
Genomics 53: 410–412.
55. Eddy SR (2005) A model of the statistical power of comparative genome
sequence analysis. PLoS Biol 3: e10. DOI: 10.1371/journal.pbio.0030010
56. McCutcheon JP, Eddy SR (2003) Computational identiﬁcation of non-
coding RNAs in Saccharomyces cerevisiae by comparative genomics.
Nucleic Acids Res 31: 4119–4128.
57. Babak T, Blencowe BJ, Hughes TR (2005) A systematic search for new
mammalian noncoding RNAs indicates little conserved intergenic tran-
scription. BMC Genomics 6: 104.
58. Bejerano G, Haussler D, Blanchette M (2004) Into the heart of darkness:
Large-scale clustering of human non-coding dna. Bioinformatics 20 Suppl
1: I40–I48.
59. Washietl S, Hofacker IL, Lukasser M, Huttenhofer A, Stadler PF (2005)
Mapping of conserved RNA secondary structures predicts thousands of
functional noncoding RNAs in the human genome. Nat Biotechnol 23:
1383–1390.
60. Yang Z (1995) A space-time process model for the evolution of DNA
sequences. Genetics 139: 993–1005.
61. Felsenstein J, Churchill GA (1996) A Hidden Markov Model approach to
variation among sites in rate of evolution. Mol Biol Evol 13: 93–104.
62. Thorne JL, Goldman N, Jones DT (1996) Combining protein evolution and
secondary structure. Mol Biol Evol 13: 666–673.
63. Durbin R, Eddy S, Krogh A, Mitchison G (1998) Biological sequence
analysis: Probabilistic models of proteins and nucleic acids. Cambridge:
Cambridge University Press. 356 p.
64. Kent WJ (2002) BLAT—the BLAST-like alignment tool. Genome Res 12:
656–664.
65. Kent WJ, Sugnet CW, Furey TS, Roskin KM, Pringle TH, et al. (2002) The
human genome browser at UCSC. Genome Res 12: 996–1006.
66. Lowe TM, Eddy SR (1997) tRNAscan-SE: A program for improved detection
of transfer RNA genes in genomic sequence. Nucleic Acids Res 25: 955–964.
67. Lestrade L, Weber MJ (2006) snoRNA-LBME-db, a comprehensive database
of human H/ACA and C/D box snoRNAs. Nucleic Acids Res 34: 158–162.
68. Kent WJ, Baertsch R, Hinrichs A, Miller W, Haussler D (2003) Evolution’s
cauldron: Duplication, deletion, and rearrangement in the mouse and
human genomes. Proc Natl Acad Sci U S A 100: 11484–11489.
PLoS Computational Biology | www.ploscompbiol.org April 2006 | Volume 2 | Issue 4 | e33 0262
Identification of Human RNA Structures